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a b s t r a c t
As the first step of automatic image interpretation systems, automatic detection of the targets should be
accurate and fast. Constant False Alarm Rate (CFAR) is the most popular target detection framework for
Synthetic Aperture Radar (SAR) images. For CFAR, modeling of the clutter is crucial since the decision
threshold is calculated based on this model. We have developed a new target detection approach in
which clutter is modeled using a Rayleigh mixture model that fits well to a variety of high-resolution
SAR imagery. For computational efficiency, we use summed area tables (SAT) for computing background
statistics. The resulting approach, called RmSAT-CFAR, is a promising general-purpose SAR target de-
tection tool. This paper describes the open-source software for RmSAT-CFAR. Details of RmSAT-CFAR is
published in the study named Fast Target Detection in Radar Images using Rayleigh Mixtures and Summed
Area Tables. In addition to Rayleigh mixture and SATs, the software also uses tiling and parallelization to
obtain faster and scalable results. This software repository also contains open source implementations for
following algorithms: (a) Cell Averaging CFAR (CA-CFAR), (b) Automatic Censored CFAR (AC-CFAR), and
(c) Adaptive and Fast CFAR (AAF-CFAR).
© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction
Synthetic aperture radar (SAR) is a radar technology that can
producehigh resolution images of the earth based ondata collected
by airborne or space-borne platforms. SAR images are used in
wide variety of applications such as geoscience and climate change
research, environmental and Earth systemmonitoring [1] because
of (a) providing better resolution compared to conventional radars,
(b) being independent of weather and day–night conditions. Three
military origin terms – target, clutter, and noise – widely used
in SAR applications [2]. Target is the object of interest, such as
a vehicle on land or a ship in the ocean. Clutter is surrounding
areas such as soil, sea, or forest. Noise is the imperfections in
the SAR image [2]. Target Detection is the first step in all SAR
Automatic Target Recognition (SAR-ATR) pipelines where targets
are differentiated from clutter considering imperfections such as
imaging noise. Probability of detection, probability of false alarm
and speed of this step directly affect other steps in the pipeline.
These three requirements are often in conflict with each other.
Sliding window based Constant False Alarm Rate (CFAR) meth-
ods are the most popular target detection methods in the liter-
ature [2]. Some well-known CFAR methods include CA-CFAR [3],
AC-CFAR [4], and AAF-CFAR [5]. Methods differ from one another
mainly in terms of how they model and learn the clutter model,
as well as how they solve the computational problems involved in
target detection.
We have developed a new target detection approach called
RmSAT-CFAR [6] that learns and uses Rayleigh mixture densities
for accurate clutter modeling over a variety of scenes and clutter
types. Our approach also uses summed area tables (SAT) [7] for ef-
ficient computation of certain background statistics involved in the
clutter model. For further computational gains, we use tiling and
parallelization. In this paper,wedescribe the open-source software
for RmSAT-CFAR [6]. Furthermore, our repository also contains
our implementations of (a) Cell Averaging CFAR (CA-CFAR) [3], (b)
Automatic Censored CFAR (AC-CFAR) [4], and (c) Adaptive and Fast
CFAR (AAF-CFAR) [5]. Prototype version of these implementations
are written for a commercial project and used in the previous
study of authors [8]. These prototype implementations are further
refined and improved; thus, these mature versions are used for
comparison purposes in RmSAT-CFAR study [6].
Remainder of this paper is organized as follows: Section 2 gives
overview of software, Section 3 illustrates examples, Section 4
explains the impact of the study, and finally Section 5 concludes
the paper.
2. Software description
The overview of RmSAT-CFAR is given in Fig. 1. The input image
is divided into tiles to achieve scalability to process big sized
images. Then, the clutter model is obtained adaptively in each
image tile using both in-tile and global statistics of the image. Using
the learned Rayleigh mixture clutter model and SAT, all pixels are
tested and labeled as target or clutter. Finally, all the tiles are
merged to generate the final target map. All of this work flow is
parallelized to speed-up the computations.
2.1. Parallelization
One of the major areas to evaluate the performance of a target
detection approach is its computational speed [2]. Parallelization is
commonly used approach to improve computational speed. Open
Multi-Processing (OpenMP) [9] is a parallelization architecture
supported in wide variety of processors and operating systems.
Thus, we utilized OpenMP in the implementation. Due to SAT and
OpenMP, RmSAT-CFAR has a detection speed below 4 s on a 100
Fig. 1. Overview of RmSAT-CFAR.
Fig. 2. Execution time (ms) versus clutter area (pixels).
mega-pixel SAR image outperforming its current competitors. SAT-
CFAR, lightweight version of RmSAT-CFAR, can process the same
100mega-pixel image in less than 2 s by losing a little bit accuracy.
These tests are performed on a PC with Intel i7 3.5 GHz CPU, 4-
cores, 8 hyper-threads, and 64 bits Windows 10.
Execution times of RmSAT-CFAR, CA-CFAR, AC-CFAR, and AAF-
CFAR are presented in Fig. 2 which shows superiority of RmSAT-
CFAR. Fig. 2 also shows that execution speed of RmSAT-CFAR is
almost independent of clutter area which is important since SAR
images increase in resolution; consequently increase in need to use
larger guard and clutter regions.
Execution times for 320 and 1240 pixel clutter regions for
all algorithms are presented for a 100 mega-pixel SAR image in
Table 1, showing superiority of RmSAT-CFAR to other methods.
Also, speedups from 1 thread to 8 threads shows parallelization
performance, in Table 1.
2.2. Image tiles
In the first step of RmSAT-CFAR, image tiling [10] is used as a
divide and conquer approach. In this approach, image is divided
into equal sized sub-images, patches (see [6]). These patches are
processed and then these results are merged to one overall result.
2.3. Adaptive clutter modeling
CFAR algorithms use a sliding window approach to find targets
in SAR image. As the defined window slides, the clutter is modeled
using the pixels inside the window with a statistical distribution
which can be G0, Gamma, Rayleigh, etc. [11]. If the pixel under
test is at the end of the tail of the distribution, it is labeled as
target (anomaly). In this study, the clutter is modeled by Rayleigh
mixtures [12]. The reasons for this choice are given inmain RmSAT-
CFAR study [6]. The reflectivity of pixel under test is compared
with the clutter distribution, leading to a decision on whether this
is a target or a clutter pixel. To achieve scalability, to speed up
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Table 1
Execution time (in seconds)
Clutter area 1 thread 2 threads 4 threads 8 threads Speedup
8 vs 1
320 pixels
SAT-CFAR 6.71 3.54 2.12 1.62 4.14
RmSAT-CFAR 14.63 7.91 4.29 3.90 3.75
AAF-CFAR [5] 18.95 10.06 5.97 5.30 3.58
CA-CFAR [3] 93.95 47.55 27.21 19.22 4.89
AC-CFAR [4] 255.56 128.94 69.98 46.78 5.46
1240 pixels
SAT-CFAR 6.92 3.62 2.12 1.69 4.09
RmSAT-CFAR 14.79 8.02 4.71 4.07 3.63
AAF-CFAR [5] 34.17 19.90 11.59 10.06 3.40
CA-CFAR [3] 333.18 173.78 87.47 68.42 4.87
AC-CFAR [4] 930.54 465.94 246.45 159.46 5.84
Table 2
SAT versus Naive approach for summation over grid.
SAT Naive
Space complexity O(IA) O(1)
Time complexity for range sum query O(1) O(RA)
Time complexity for updating a value in table O(IA) O(1)
(a) Sample SAR image. (b) Target map for 3(a).
Fig. 3. RmSAT-CFAR Target detection result.
this process, and to obtain a good accuracy, RmSAT-CFAR features:
(1) Censoring, (2) Finding parameters of Rayleigh mixtures using
Adaptive Simulated Annealing (ASA), (3) Utilization of SAT, (4) and
image tiling approach where more details are given in [6].
2.3.1. Censoring mechanism
Details of this censoring mechanism can be found in [6].
2.3.2. Finding parameters of Rayleigh mixtures
We use ASA, a widely used heuristic optimization algorithm for
global optimization, [13] to estimate the parameters of Rayleigh
Mixture distribution. In this study, ASA parameters (see appendix
of [6]), tile image, and maximum number of components in the
Rayleigh mixture (Mmax) are inputs and the number of mixture
components (Ma) and corresponding interval parameters (d) are
outputs of the ASA.
An independent ASA library is implemented in this study. C++
class file, AdaptiveSimulatedAnnealing, can be found in project
repository, see Code metadata. To test ASA code, 19 different
nonlinear cost functions are also implemented and given inNonlin-
earTestCostFunctions file. Definitions for these cost functions can
be found in [14]. In ASA, instead of standard C++ random genera-
tion function, a fast random number generator, Mersenne Twister
(MT) [15], is used. MT generates faster and better pseudo-random
numbers compared to standard C++ pseudo-random generator.
2.3.3. Summed area table
Summed Area Table (SAT) [7] is a data structure and an algo-
rithm used for efficient calculation of sum of the values in a rect-
angular window in an image. With a naive approach, this process
has a linear computational complexity, while SAT performs the
same operation in constant time. Thus, statistical moments such
asmean or variance can be calculated very quickly using SAT. Since
estimation for Rayleigh parameters requires sum of square of the
reflectivities, SAT generates efficient computation model where
target decision for each pixel becomes a constant time operation,
Table 2. Details of the complexity analysis for SAT can be found
in [6].
2.4. Target detector
In this step, sliding-window CFAR approach is used for target
detection. For eachpixel, parameters of Rayleighmixture are calcu-
lated using SATs in an efficient manner. Then reflectivity of pixel is
compared with the obtained Rayleighmixture using CFAR tomake
a target decision [6].
3. Illustrative examples
Fig. 3 shows a sample target detection result of RmSAT-CFAR
method. More RmSAT-CFAR results and detection performance
analysis can be found in [6].
4. Impact
Since automatic target detection is the first step of SAR image
analysis pipeline, such as automatic target recognition (ATR), accu-
rate and fast target detection is crucial. The proposedmethod [6] is
an accurate and fast target detector due to employed Rayleighmix-
turemodel and SAT. Moreover, the algorithm is scalable and paral-
lelizable; therefore, an efficient implementation of RmSAT-CFAR is
applicable even for real time scenarios. For instance, RmSAT-CFAR
allows real time target detection in stripmode airborne SAR system
whilst image is formed.
In this study, RmSAT-CFAR is also compared with baseline and
state-of-the-art approaches. Accordingly, we introduce a software
repository that contains two baseline CFARmethods (CA-CFAR [3],
AC-CFAR [4]) and two state-of-the-art methods AAF-CFAR [5] and
RmSAT-CFAR [6]. To the best of the authors’ knowledge, there are
no open source software repositories that contains easy to use and
reproducible CFAR implementations. Most of the CFAR implemen-
tations are in Matlab thus they are not suitable for speed com-
parisons. Since our repository provide efficient and parallelized
C++ codes, future comparisons with baseline methods would be
fair. Therefore, this repository and accompanying article would
be a reference for further CFAR studies. In the future, other CFAR
implementations will be added to this software repository.
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5. Conclusions
In this paper, a novel target detection approach for radar images
is presented that uses Rayleigh mixtures for background mod-
eling. Utilization of SAT enables the estimation of the Rayleigh
parameters in a computationally efficientmanner. Employed tiling
mechanism guarantees scalability of the method. Also, since this
article introduces a open source software repository for baseline
and state-of-the-art CFAR methods, it may be a reference study in
the future CFAR studies.
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